Abstract-Interference or a crosstalk from nearby muscles is a classic problem in surface electromyographic recordings. Most studies of crosstalk diminution have only focused on blind source separation techniques and spatial filtering of simulated signals. The aim of this study was to perform an extraction of the activity of index and little finger extensor muscles from the electromyographic mixtures recorded with a surface electrode array. The motor unit action potential were detected in the mixtures and classified according to an inter-electrode delay. The signal-to-interference ratio performance of the proposed method was higher than performance of the beamformer and the frequency JADE algorithms. The findings show that creation of a muscle action potential propagation model, required by beamformer, could be problematic. The proposed algorithm uses a generalized model and shows higher performance.
INTRODUCTION
The muscles are spatially extended signal sources. They consist of fibers, associated in motor units (MU), which are the smallest functional units of muscles. A muscle is activated by a neural output that is transmitted by motor nerves, which enter the muscle belly in the motor points. There are usually multiple (up to 5) motor points in finger extensor muscles, situated close to each other [1] . When a muscle is activated, the motor unit action potential (MUAP, depolarization) is propagated in each MU along the muscle body from the motor point to both ends of the muscle. The mean speed of MUAP propagation is around 4 m/s [2] .
During surface electromyographic (sEMG) measurements, surface electrodes, situated on the skin, record the muscle activity that is spatially filtered by a volume conductor (muscles, fat and skin).Moreover, as some muscles are situated close to each other, a surface electrode usually records activity of a muscle of interest perturbed by signals from other muscles, active at the same time. This disturbance is called a crosstalk or an interference. The interference from nearby muscles is a common problem for sEMG applications as prosthesis control or biomechanical studies of individual muscle activity.
Methods for crosstalk reduction have been the subject of several investigations.
A number of blind source separation methods was used to reduce the interference. Farina et al. [3] used an instantaneous mixture model, which suppose that there are several electrodes that record the weighted sum of the source signals (the signals from individual muscles). Léouffre et al. [4] showed that the validity of the instantaneous hypothesis is very sensitive to electrode location. For the muscles in which the depolarization propagates along the muscle axis, the instantaneous model is valid only for electrodes lying perpendicularly to muscle direction. When the electrodes are shifted relatively to each other along the muscle axis, the instantaneous model is not valid as the delays appears between the electrodes. Moreover, the muscles must be small to neglect the volume conductor convolutive effects. Jiang and Farina [5] proposed an extension of a BSS technique based on second-order moments (SOBI) for this type of sEMG signal mixtures. The proposed method was based on the transformation of the delayed mixtures to the mixtures of original sources and their first derivatives by the first-order Taylor approximation. The method is applicable only to mixtures with small delay.
Using spatial filtering for multielectrode recordings could be another possibility for crosstalk reduction. Mesin et al. [6] used spatial filtering for crosstalk reduction on simulated signals.
However, there is little published information on using the MUAP propagation to extract real sEMG signals. For real signals, the problem is complicated by several causes. Firstly, muscles consist of a high number of MUs, which are innervated by several motor points. Therefore, MUAP could propagate differently in different MUs of the same muscle. Secondly, it is hard to identify the location of a muscle and its motor points relatively to a surface electrode. And finally, it could be difficult to place a long surface electrode array on a forearm muscle because of a high number of overlappings between muscles. Hence, it could be problematic to perform a f-k filtering for individual muscle signal extraction.
The purpose of this study was to use the direction of MUAP propagation in the extensor digiti minimi (EDM) and extensor indicis (EI) muscles to extract the activity of these muscles from real sEMG mixtures by classification of individual MUAPs.
II. MATERIALS AND METHODS

A. Model of signal propagation
EDM and EI muscles were chosen as they are biomechanically independent, i.e. they could be contracted independently of one another, and because of their relative position. These muscles are situated at the dorsal part of a forearm and overlap at the wrist level. EDM lies more proximal than EI muscle, and motor points of EDM muscle are situated more proximal than motor points of EI muscle [1] ( Figure 1 ). The EDC muscle, which also participates in little and index finger extension is situated significantly more proximally than these two muscles and therefore it was not taken into account.
A sEMG signal is a sum of MUAPs, which are observed as peaks. They propagate from motor points (innervation zone) in two opposite directions of muscle endings. As the AP propagation speed is relatively small, each MUAP is detected by two nearby electrodes with a certain delay, which depends on the fiber propagation velocity, propagation direction, and fiber angle. Each MUAP X k was characterized by the delay vector ] [
, where lm k δ is a delay between the appearance of X k at the l-th and the m-th electrode.
B. Experimental setting
sEMG signals x i (where i = 1...N is a channel number, N = 3) were recorded on eight volunteers with no prior known trauma. The linear array of three monopolar electrodes was situated over the intercrossing of the EI and EDM muscles. The inter-electrode distance was 1.5 cm. A ground electrode and a reference electrode were fixed in the wrist, as shown in the Figure 1 . The electrodes were placed on the left hand for the first four subjects, and on the right hand for the second four. 
C. Peak detection and estimation of propagation direction
A derivative of sEMGs was used to detect the MUAPs. Only high MUAPs were considered as important; the MUAPs lower than 0.3 of the maximal value of recorded sEMG were considered as noise. MUAPs were detected in the first channel. A maximum cross-correlation was used to locate a delayed version of each MUAP in the second and the third channels.
D. Separation
MUAPs we attributed to one or another muscle according to inter-electrode delays (delay vector).
Two first movements were used to train the classifier, as only one source was active at the same time during each of these movements. When MUAPs were detected, the delay vector was calculated for each MUAP. An example of interelectrode delay scatter plot for EDM and EI activities is shown in the Figure 3 . According to these delays, the MUAPs during all three movements were classified into two groups, corresponding to EDM and EI activity by quadratic discriminant analysis (QDA). The k-th MUAP was attributed to j-th muscle activity according to the following rule:
where 2 , j k r is a Mahalanobis distance between the k-th MUAP delay vector and the mean value of the delay vector characterizing the j-th muscle activity.
Each movement (EDM and EI) was reconstructed by applying a corresponding mask to the mixture. Each masks permitted to keep the MUAPs attributed to corresponding movement and to hide the other peaks.
III. RESULTS
The Figure 4 shows the extracted activity of EDM and EI muscles. It could be seen from the figure, that the peaks are mostly classified as EDM-peaks for the first movement, and as EI-peaks for the second one. 
A. The Performance of the Peak Separation Algorithm
When the signals s j of both muscles (j = 1 for EI and 2 for EDM) were reconstructed, the signal-to-interference ratio (SIR or also signal-to-crosstalk ratio) and false detected peak fraction (FP) were calculated for both reconstructed signals to estimate the extraction performance.
SIR j was calculated as a ratio between the signal power P j during the movement when the corresponding muscle j was active to the signal power during another movement, when the muscle was not active.
FP j was calculated as a number of MUAPs N j erroneously attributed to j-th muscle activity to a total number of MUAPs attributed to this muscle during both movements.
The SIR and FP values were calculated from both extracted signals (Table 1) . 
B. Comparison of the Peak Separation Algorithm with the Beamformer and the F-JADE
The proposed algorithm was compared with the beamformer algorithm and the frequency JADE (F-JADE) blind source separation algorithm.
a) Beamformer Algorithm
The beamformer output was calculated as a weight sum:
where N=3 is a number of electrodes in a line, w i are weight coefficients. The w i were equal to 1 for each i.
b) Blind Source Separation by F-JADE
The EDM and EI source separation was performed as described in [7] . We considered three recorded sEMG observations x i as convolutive mixtures of EDM and EI signals because of time shift and convolutive effects of the volume conductor. To reformulate the convolutive model into an instantaneous one the observations x i were transferred to timefrequency domain by short-time Fourier transform (STFT). Then two sources were calculated independently in each frequency bin by JADE algorithm. Finally, the source signals were reconstructed by inverse STFT.
The performance of the proposed algorithm was compared with the performance of the beamforming algorithm and F-JADE (Table 2) . The results of the interference reduction by the proposed algorithm, the beamformer, and the F-JADE were also compared with the initial signals x i . The gain of each method was calculated as a difference between the SIR-values after interference reduction by this method and the initial SIRvalues. The initial SIR for EDM movement was calculated as a ratio between the power of the first and the second movement in the first channel (-1.18 dB). The initial SIR for EI movement was calculated as a ratio between the power of the second and the first movement in the third channel (5.59 dB). 
IV. DISCUSSION
The performance of the proposed algorithm was shown to be higher than the performance of the beamformer and the F-JADE algorithm. Low performance of the beamformer algorithm may be due to differences of MUAPs propagation in different MUs of the same muscle. F-JADE shows the performance higher than the beamformer, but lower than the proposed method. It may be due to the fact that the proposed method performs additional noise reduction by keeping only high MUAPs in extracted signal and neglecting low MUAPs, which may contain noise. However, the loss of information due to neglecting of low MUAPs could be insignificant for biomechanical sEMG signal applications, which exploit the envelope sEMG signals to reconstruct the muscle force [8] .
The proposed MUAP separation algorithm was based on QDA, which was used to attribute each MUAP in sEMG mixture to a muscle, either EDM or EI. QDA was used because two groups of MUAPs in 2D delay space could be linearly separated, as it is seen from the Figure 3 . The assumption about Gaussian distribution of these groups was also made. To test the normality the Mardia's test was used, which is based on a skewness and a kurtosis of multivariate distribution. For EDM muscle the multivariate skewness of 2D delay distribution was 0.94 and multivariate kurtosis was 9.45 (p = 0.0075 and 0.0438 respectively); for EI muscle the multivariate skewness was 0.30 and multivariate kurtosis was 12.36 (p = 0.1269 and 2. 8•10 -11 ). It means that for both groups of MUAPs, from EI and EDM muscle, the normality hypothesis is violated at 95% significance level. Although normality violation the QDA performance was high.
In addition, it is important to discuss the admissibility of applying the proposed method in case of simultaneous activity of several muscles (the third movement in Figure 2 ). Sparsity is required to correctly separate the MUAPs. However, this condition may not be satisfied in case of high muscle force level [7] . To study the applicability of the proposed method to these conditions further study should be carried.
V. CONCLUSION
The aim of the present research was to extract the EDM and EI muscles sources from the sEMG signals recorded by an electrode array. These muscles were chosen because of their relative position in wrist, which enables to perform separation of individual MUAPs in sEMG signal by time delay.
This study has demonstrated that classification of the individual MUAPs in sEMG mixtures could be more effective than the beamformer or blind separation algorithms. The efficiency of the proposed method could be explained by the fact that it does not require any precise signal propagation model and provides supplementary denoising due to keeping only high peaks in extracted signals. It was shown that it could be difficult to create a precise model of sEMG signal propagation because each muscle consists of a high number of MUs controlled by multiple motor points. Furthermore, from each motor point APs propagate in two different directions.
As one of the main application of sEMG signals is a muscle force estimation, further research is required to reconstruct the muscle force from extracted sources and compare it with the force measured by a sensor. Another possible area of future research would be to apply the proposed method to extract the signals from other muscles, especially from finger flexor muscles, as these signals are important for medical applications, in particular for hand prosthesis control.
